Remote sensing (RS) data are an alternative to in-situ hydrometeorological data in 18 remote and poorly monitored areas and are increasingly used in hydrological 19 modeling. This study presents a lumped, conceptual, river basin water balance 20 modeling approach based entirely on RS data: precipitation was obtained from the 21 By providing an impartial source of information about the hydrological system that 36 can be updated in real time, the modeling approach described here could provide 37 useful hydrological forecast information that could be updated at time scales 38 appropriate for decision-making. The approach has potential to facilitate cooperation 39 in transboundary basins with conflicting management objectives. 40 41
Hydrology is a discipline limited by data availability. Many hydrological variables are 54 hard to measure, and those that can be measured are only available for limited 55 intervals in space and time. This situation is improving due to the increasing 56 availability of RS techniques and automatic ground sensors. Hydrological modeling in 57 remote or data-scarce areas must often rely on RS data only. Satellite-based data with 58 high temporal resolution have the potential to fill critical information gaps in such 59 ungauged basins (e.g. Grayson et al., 2002; Lakshmi, 2004 ) 60
Remote sensing data can be used in hydrological models in two ways (Brunner et The Syr Darya River was extensively developed for irrigation and hydropower during 146
Soviet times, particularly after 1960, with the primary goal of producing cotton. Total 147 irrigated area in the Aral Sea basin increased from 5 million hectares in 1965 to 7.9 148 million hectares in 2000 (Micklin, 2007) . About 1.7 million hectares are currently 149 irrigated directly from the Syr Darya River (Siegfried et al., 2007) . Cotton is an 150 important source of foreign exchange in Uzbekistan, and continued production 151 through irrigated agriculture is a priority for the government (World Bank, 2004) . Toktogul Reservoir and the Naryn Cascade are at the heart of a dispute over 166 management of the Syr Darya River that has existed since the downfall of the Soviet 167 Union in 1991. In the Soviet system, the reservoir was operated to benefit irrigated 168 agriculture and power was produced incidentally as flows were released to meet 169 downstream demands. In 1992, the Central Asian riparian states agreed to continue 170 Soviet water allocation policies and established the Interstate Commission for Water 171 Coordination (ICWC) to oversee the allocation process. However, the new system 172 immediately came under strain as the competing interests of the newly independent 173 states emerged. Toktogul Reservoir came under the control of Kyrgyzstan, which is 174 less dependent on irrigated agriculture and lacks fossil fuel resources for energy 175 generation. Kyrgyzstan had been supplied with fossil fuels under the Soviet system 176 but found itself in the position of having to purchase energy supplies on world 177 markets after 1991. Kyrgyzstan turned to hydropower for its own energy needs, which 178 peak in winter because of heating demands, placing the country's operational 179 objectives in direct opposition to those of its downstream neighbors; Kyrgyzstan 180 would prefer to store summer peak flows for winter power generation, while the 181 downstream countries would like winter releases minimized to conserve water for the 182 summer season (Biddison, 2002; World Bank, 2004; Siegfried et al., 2007) . Increased 183 winter releases also cause flooding, as many of the downstream irrigation works are 184 not built to handle high flows and ice in the river bed reduces winter flow capacity 185 (Biddison, 2002) . 186
Under these new conditions, the Soviet allocation pattern proved to be infeasible, and 187 the riparian countries entered into a series of annual agreements in which downstream 188 countries agreed to purchase hydropower from Kyrgyzstan during the summer 189 irrigation period in order to ensure summer releases. These agreements were 190 essentially barter transactions in which the downstream states agreed to compensate 191 Kyrgyzstan for summer releases by delivering electricity, oil, coal, and gas during the 192 winter months. In practice, the downstream countries did not always deliver the 193 agreed amounts of energy, forcing Kyrgyzstan to make additional winter releases. In 194 addition, the ad hoc nature of the annual agreements meant that multi-year storage 195 considerations, which were the original purpose of Toktogul Reservoir, were not 196 given adequate consideration in the allocation process. As a result of increased year-197 round pressure and a lack of long-term planning, Toktogul storage declined to a 198 previously unsurpassed low of 7. A comparison of data requirements and performance of NAM with other hydrological 243 models is provided by Refsgaard et al. (1996) . The four storage are typically 244 described using a set of 17 parameters, about 10 of which are commonly used for 245 model calibration. 246
Due to the limited amount of observed in-situ river discharge data, it was impossible 247 to achieve a unique and stable calibration based on 10 free model parameters. Instead 248 a more robust version of NAM was developed using only two free calibration 249 parameters: one describing soil moisture storage and the other groundwater response 250
times. The structure of this simplified version of NAM is shown in Figure 2 . Table 1  251 lists the parameters chosen to enforce this model structure. Because of its simplicity, 252 the modeling approach is robust and appropriate given the general scarcity of 253 observation data in the SDRB. 261 where SM pot is the potential snowmelt (mm day -1 ), T is the temperature in degrees 262
Celsius, SS is the snow storage (mm day -1 ), and M is a seasonally variable degree day 263 factor (mm day -1 deg -1 ) based on a parameterization proposed by Shenzis (1985) for 264 the Central Asian Mountains. Snowmelt parameters are shown in 265 279 where P is the precipitation in mm day -1 . Baseflow from the groundwater reservoir to 280 the river is calculated using a linear reservoir approach: 281
282
Equation 4 283 where GS is the groundwater storage in mm and CKBF is the response time of the 284 groundwater (days). This is the second calibration parameter. Rainfall-runoff 285 processes are thus simulated in a very simple approach with two calibration 286 parameters only: L max and CKBF. 287
An automatic calibration module is available for NAM (Madsen, 2000) . The module 288 is based on the Shuffled Complex Evolution (SCE) algorithm, and it allows the 289 optimization of multiple objectives: (1) overall water balance; (2) overall RMSE, (3) 290 peak flow RMSE and (4) low flow RMSE. The catchments were classified into 291 calibration, validation, prediction and inactive catchments, based on the discharge 292 data provided by the Operational Hydrological Forecasting Department 293 (UzHydromet) in Tashkent, Uzbekistan. Catchments with continuous discharge 294 records of 8 years or more were used for calibration, while those with 3-7 years of 295 discontinuous data were used for validation. Prediction catchments are defined as 296 those where no discharge data are available, but topography and land cover suggest 297 considerable runoff. Areas were no runoff is expected were considered inactive. In 298 total there were 32 prediction catchments (excluding those used for calibration and 299 validation) and 60 inactive catchments. 300
The input data of calibration catchments were duplicated and only the second half of 301 the duplicated record was used for calibration, while the first half was used to drive a 302 model warm-up period. The two parameters L max and CKBF were adjusted through the 303 automatic calibration module, minimizing overall root mean squared error. The 304 maximum number of iterations was set to 1000, which was never exceeded. It was 305 noted that while CKBF was relatively stable, the results for Lmax were either very 306 high (median of 3510 mm) or very low (median of 32 mm); the latter was generally 307 associated with a significantly negative water balance. The validation procedure 308
showed that low Lmax values performed substantially better in windward-facing 309 catchments, whereas high Lmax values resulted in a better fit in leeward-facing 310
catchments. This could be due to underestimation of orographic precipitation by the 311 TMPA product. However, there were too few precipitation stations to substantiate 312 this. The median Lmax values were used in prediction catchments (Table 6, 377 where R is the no × no error covariance matrix of the observations. The observations 378 y i (in Eq. 7) must be treated as random variables having a distribution with mean y 379 and a covariance R (Evensen, 2003) . A normally distributed, uncorrelated distribution 380 is assumed. 381
Because Mike Basin does not have a DA module, the assimilation algorithm described 382 in Verlaan (2003) was adapted to run a set of Mike Basin models automatically and to 383 assimilate water level measurements over several reservoirs. Since the only input to 384 the Mike Basin water allocation model is runoff and irrigation, the ensemble of 385 models was produced by stochastically perturbing the area of irrigation districts and 386 the runoff timeseries of active catchments. The average standard deviation of the 387 runoff residuals from the validation process ( 388 393 where Q i is the specific runoff for the ith ensemble member, Q 0 is the estimated 394 specific runoff for every catchment and σ Q is the runoff uncertainty and has zero mean 395 and a standard deviation equal to the runoff standard error. An uncertainty factor of ± 396 0.2 was assigned to the irrigation area. Since this uncertainty could not be estimated, it 397 was used as filter tuning parameter, as described below. The irrigation uncertainty 398 was implemented as follows: 399 The DA scheme was practically implemented in Mike Basin by running one model 407 time step ne times and storing the evolution of the state variables for every ensemble 408 member. The appropriate ensemble size, runoff and IWD perturbation levels were 409 chosen by running a series of experiments (Table 3) . 410
Input, Forcing and Calibration/Validation datasets

411
All input, forcing and calibration/validation datasets were obtained from remote 412 sensing data sources. 413 Table 4 provides an overview of the various data sources used in this study. 414
Catchment delineation 415
The digital elevation model (DEM) of the area was obtained from the Shuttle Radar 416
Topography Mission (SRTM). The mission is described by Rabus et al. (2003) , and 417 an assessment of its results is provided by Rodriguez et al. (2006) . The data with a 3 418 arc second (90 meter) resolution was resampled to 1 km spatial resolution. The 1 km 419 DEM was used to delineate the river network and the catchments. The 3-hourly data were accumulated over one day periods and area-averaged over the 429 different catchments. The precipitation product was not altitude-corrected because it 430 has already been adjusted to match observations of a global gauge network. The 431 global bias of the 3B42 product relative to the available station data was calculated as 432 minus 20%. This bias was corrected by multiplying the 3B42 precipitation by a factor 433 of 1.25. 434
Mean temperature 435
Snowmelt modeling requires daily mean temperature inputs. Therefore, the decadal 436 
Results
477
Validation of Remote Sensing Dataset versus Ground Observations
478
Precipitation and Temperature 479
The tendency of the TMPA product to underestimate precipitation has been 480 successfully corrected, although there is still a mismatch between the observed and 481 the RS-based precipitation data (Figure 4) . 482 Figure 5 compares the temporal variability of observed precipitation and temperature 483 with corresponding RS-based products on three selected stations (shown in Figure 1) . 484
While RS temperature fits well with observed dekadal data, the (corrected) monthly 485 RS-precipitation estimates largely underpredict rainfall. 486
Radar altimetry 487
Radar altimetry targets were obtained over four of the main reservoirs in the area. For 488 these reservoirs, the altimetry data were found to have an average actual precision of 489 0.86 m (Table 5) 
River Basin Water Balance Modeling Results
492
The modeling approach captures the dominance of snowmelt in the hydrological 493 cycle: precipitation is accumulated during the winter and released throughout the 494 melting season (Figure 6 ). However, the calibration-validation process shows that 495 model results are uncertain and tend to underestimate runoff ( 496 Table 6 ). This is not surprising considering the size and complexity of the model 497 domain and the uncertainty associated with remotely-sensed data. Model uncertainty 498 can be significantly reduced through the assimilation of radar altimetry measurements 499 of reservoir water surface elevations. 500
Data assimilation results
501
Figure 8 compares the reservoir levels predicted by the assimilation scheme and the 502 corresponding no-assimilation setup. When altimetry measurements were available, 503 their assimilation considerably improved the results of the model (Table 8) The data assimilation approach described here could benefit the annual water 520 allocation process in the Syr Darya basin by providing an efficient and transparent 521 technology for updating hydrological forecasts in real time. In the current 522 management setup, the riparian states are supposed to agree on an allocation plan at 523 the beginning of April; however, agreement is often delayed until well into the 524 growing season, creating significant uncertainties for irrigation planning and 525 increasing tensions on both sides of the conflict. An obstacle to co-operation is the 526 deteriorated state of the hydro-meteorological monitoring network that existed in 527 Soviet times (Schar et al., 2004) . In addition, national hydro-meteorological agencies 528 now responsible for data collection are reluctant to share data and the annual process 529 of data collection and forecasting can also be delayed by poor communications 530 infrastructure (Biddison, 2002) . A model driven by remotely sensed data that could be 531 updated in real-time would minimize forecast uncertainties and delays, potentially 532 accelerating the annual allocation process. Although the approach described here uses 533 historical remotely sensed data, it could easily be adapted to forecasted data. 534 Figure 12A shows how the model prediction deviates from the "true" state of the 535 system when no altimetry data is available. Figure 12B shows the average forecast 536 error when predicting water levels at Toktogul 1-5 months in advance and 537 assimilating altimetry data until the previous 1-4 months. Predictions one and two 538 months ahead (April and May) are significantly improved as more recent altimetry 539 measurements are assimilated. However, model predictions three or more months in 540 advance are poor, and the impact of data assimilation much less significant 541 542 543
Discussion
543
A modeling approach using only remotely-sensed data has been developed and 544 applied to the Syr Darya River Basin. The ability of the river basin model to predict 545 reservoir water surface levels without data assimilation was moderate at best. The 546 general underprediction of reservoir levels might be due to inaccuracies in the RS 547 input data, to the simplification inherent in model structure (e.g. monthly snowmelt 548 coefficient, lack of individual modeling of glacial accumulation/ablation), or to 549 unmodeled changes in the hydrology of the basin (e.g. variation of irrigation water 550 demand or dominance of snowmelt and glacial ablation compared to snow and glacial 551 accumulation). 552
Limited availability of in-situ discharge data for model calibration required that high 553 resolution RS data to be aggregated over very large areas (sometimes as large as 37 554 000 km 2 ). If more discharge stations were available, smaller subcatchments could be 555 used and the fine resolution of the data products would have been better exploited. 556
Although estimates of river discharge from radar altimetry have been reported, (e.g. have expressed a desire for concrete tools to improve the water management in the 584 basin (Biddison, 2002) , and the approach presented here is an important step in this 585
direction. 586
The combined use of remotely sensed data to drive hydrological models and satellite 587 altimetry data to update model states has considerable potential to provide impartial 588 information about the hydrological system. The application of this approach in a 589 (near) real time mode could help facilitate adaptive management of water resources in 590 the region. Additionally, the annual allocation process carried out by the national 591 authorities of the riparian states could benefit from a transparent, freely-available 592 information base. 593
Implementing this modeling approach in real time basis will require using the real 594 time precipitation product (3B42RT) instead of the research product (3B42). The RT 595 product does not incorporate gauge data, but becomes available ca. 6 hours after 596 observation (see Huffman et al., 2007; Huffman, 2008 ). The temperature data 597 are available 7 hours after observation, and reservoir release policies could be 598 simulated using trends in historical release data. Considering that the model timestep 599 is 1 full day, the model could be ready to run 7 hours after the end of every day (i.e. 600 0700 UTC). Near RT altimetry data is provided 3 days after observation [Philippa: we 601 
